Physical stress (i.e. bruising) during harvesting, handling and transportation triggers 2 enzymatic discoloration of mushrooms, a common and detrimental phenomenon largely 3 mediated by polyphenol oxidase (PPO) enzymes. Hyperspectral imaging (HSI) is a non-4 destructive technique that combines imaging and spectroscopy to obtain information from a 5 sample. The objective of this study was to assess the ability of HSI to predict the activity of 6 PPO on mushroom caps. Hyperspectral images of mushrooms subjected to various damage 7 treatments were taken, followed by enzyme extraction and PPO activity measurement. 8 Principal component regression (PCR) models (each with 3 PCs) built on raw reflectance and 9 multiple scatter corrected (MSC) reflectance data were found to be the best modeling 10 approach. Prediction maps showed that the MSC model allowed for compensation of 11 spectral differences due to sample curvature and surface irregularities. Results reveal the 12 possibility of developing a sensor which could rapidly identify mushrooms with higher 13 likelihood to develop enzymatic browning and hence aid produce management decision 14 makers in the industry. 15 16
INTRODUCTION
Button mushrooms (Agaricus bisporus) production is a fermentation industry that is able to 21 produce quality protein from cellulose based agricultural by-products (1) . White button 22 mushrooms are one of the most important horticultural crops grown in Ireland with more 23 than 60,000 tons produced annually (2) . This produce is very sensitive to inappropriate 24 handling and transportation practices, which cause irreversible injuries on the mushrooms 25 and enhance cap discoloration (3) . 26 Browning of mushrooms is the major cause of quality loss that accounts for reduction in 27 their market value. Development of browning is the consequence of a series of biochemical 28 reactions in which polyphenol oxidase (PPO) enzymes, naturally present in mushrooms, play 29 an important oxidative role (4, 5) . The PPO family includes catechol oxidase and laccase, 30 both of which oxidise diphenols into corresponding quinones (6) . Quinones are slightly 31 colored products that undergo further reactions leading to high molecular mass dark 32 pigments called melanins. Brown discoloration is largely confined to the skin tissue of the 33 mushroom, where levels of phenols and polyphenol oxidase are higher than in other parts 34 of the fungi (7) . PPO inactivation has been the target of several postharvest treatments 35 including thermal or microwave heating (8) , irradiation (9) and addition of inhibitors (10) . 36 However, consumer preference for fresh produce makes the management of PPO activity a 37 problem in the production, distribution and retail of fresh mushrooms. 38 Hyperspectral imaging (HSI) is a rapid and non-destructive technology that has recently 39 emerged as a powerful process analytical tool for food analysis (11) . Hyperspectral images 40 are composed of hundreds of contiguous wavebands for each spatial position of an object. 41 Consequently, each pixel in a hyperspectral image contains the spectrum of that specific 42 position. Hyperspectral images, known as hypercubes, are three-dimensional blocks of data, 43 comprising two spatial and one wavelength dimension. Hypercube classification enables the 44 identification of regions with similar spectral characteristics. Since regions of a sample with 45 similar spectral properties have similar chemical composition, hypercube classification 46 allows for the visualisation of biochemical constituents of an object, as well as their 47 concentration and distribution over the sample. Due to the large size of hypercubes, 48 multivariate analytical tools, such as stepwise multiple linear regression (MLR), principal 49 component regression (PCR) and partial least squares regression (PLSR) are usually 50 employed for hyperspectral data mining and identification of key wavelengths for the 51 development of automated multispectral sensors. 52 Rapid spectroscopic techniques show potential for replacement of slow and/or expensive 53 analytical measurements while retaining sufficient accuracy (12) . Recent studies have 54 demonstrated HSI to be a useful technology for the investigation of various mushroom 55 quality related issues, such as deterioration (13) , freeze damage detection (14) and blemish 56 characterization (15). Recent advances in the application of HSI to the assessment of safety 57 and quality of other foodstuffs also include contaminant detection (16, 17), defect 58 identification (18) (19) (20) , constituent analysis (21) and quality evaluation (22) (23) (24) . 59 So far, hyperspectral imaging has not been employed to study the activity of enzymes in 60 mushrooms. Short wavelength infrared hyperspectral imaging was recently used to predict 61 α-amylase activity at early germination stages in two classes of wheat kernels and R 2 values 62 of 0.54 and 0.73, respectively, were achieved (25) . Given that polyphenol oxidases play a 63 key role in the mushroom browning process and that extraction and current activity 64 measurement techniques, such as radiometric, electrometric, chronometric and especially spectrophometric (26) , are time consuming (as an example, in this study, 1.5-2 hours were 66 needed to obtain an extract and measure its activity), it would be desirable to have a fast 67 and non-destructive system that could estimate enzyme activity on mushroom caps. The 68 development of a hyperspectral imaging system with the ability to make simultaneous 69 predictions on multiple mushroom caps could enable faster detection of produce likely to 70 lose market value and hence reduce economical losses in the industry. 71 The aim of the present study was to investigate the potential of vis-NIR (445-945 nm) 72 hyperspectral imaging for the prediction of PPO enzyme activity on mushroom caps. False RGB images were obtained by extracting mushroom images at 460 nm (blue), 545 nm 162 (green) and 645 nm (red) and stacking them. 163 Model building 164 One of the main challenges involved in building predictive models with hyperspectral image 165 data is that such images contain a vast amount of spectral data, whilst only one or a few 166 measurements of the variable of interest can be taken for each sample studied. In this 167 particular study, the reference method for enzyme extraction involved using the skin of 168 three to five mushrooms to obtain one single enzyme extract. Consequently, three to five 169 hyperspectral images were to be matched with one single enzyme activity value in 170 regression modeling.
When developing regression models with hyperspectral data, it is common practice to 172 extract the mean spectrum of each sample and use it to build a prediction model to 173 estimate an attribute (29) . With that approach in mind, two different modeling strategies 174 were used: The two models whose performance was found to be best were selected and applied to 240 each pixel in the hypercube data of individual mushrooms. This enabled the generation of 241 virtual prediction images for enzyme activity. activity between D10 and D20 was not significant (p>0.05), which could mean that the stress 266 caused by D10 damage level was sufficiently high to bring enzyme expression to its 267 maximum, and further damage did not contribute to further activation of tyrosinase.
268
Modeling 269 VIF was greater than 10 for every MLR model built with more than two wavelengths. 270 Therefore, MLR models that used only two wavelengths were considered for further 271 analysis. In the case of PCR models, the inclusion of the third PC was not always significant 272 (p<0.05) so 2 and 3 PC models were considered for further sections. For all PLSR models, 2 273 was the optimal number of latent variables to include in the model. Previous studies in the 274 field employed models that performed well using low numbers of wavelengths (13), 275 principal components (14, 38) or PLS latent variables (39) . 276 Model performance in terms of RPD is shown in to be more adequate to assess model performance and further sections of this paper will 280 focus only on RPD TEST values.
Models were classified in terms of RPD TEST as follows: RPD TEST <1.0 = "very poor", 282 1.0<RPD TEST <1.4 = "poor"; 1.4<RPD TEST <1.8 = "fair"; 1.8<RPD TEST <2.0 = "good"; 283 2.00<RPD TEST <2.5 = "very good" and RPD TEST >2.5 = "excellent". 284 Strategy 285 Overall, models with a better generalization ability to predict the independent data set were 286 obtained when strategy 1 was employed. As it can be seen in Table 1 , for any preprocessing 287 and chemometric technique combination, the RPD obtained under model strategy 1 (i.e. 288 when the mean spectrum of each mushroom was extracted and the same enzyme activity 289 value was assigned to all the mushrooms used for one extract) was higher than the RPD 290 obtained under model strategy 2 (i.e. when the mean spectra of all the mushrooms used to 291 obtain one enzyme extract was computed and the enzyme activity value of that extract was 292 assigned to the resulting spectrum). In fact, strategy 2 only gave "poor" or "very poor" 293 predictive models, whose RPD TEST ranged from 0.81 to 1.3. This could be because when the 294 mean spectrum was computed for an extract under strategy 2, some features arising from 295 the original spectral variability of the mushrooms within that extract might have been lost. 296 This would result in partial loss of their ability to generalize and decrease in RPD TEST values. 297 Pre-treatment 298 For MLR, raw reflectance spectral data and sample MSC corrected reflectance spectra led to 299 better performance models than SNV or set MSC spectra. The better models were "fair" and 300 the worse ones were "poor" (according to the previously mentioned RPD classification) and 301 therefore discarded. Similar trends were observed in PCR models, where "very good" 302 models were obtained with raw reflectance and sample MSC corrected reflectance spectra The main difference between the prediction images of D0 and D20 is the grayscale intensity. 353 The dark gray tonality in Figure 5 shows the enzyme activity prediction of imaginary lines drawn through the centre 398 of each mushroom cap, shown in red in Figure 5 (a). Figure 5 
